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Abstract
Readers of online news often lack the time and domain exper-
tise required to verify unfamiliar claims and sources. Professional
fact-checkers address this gap through lateral reading, an iterative
workflow of asking investigative questions, searching for external
evidence, and synthesizing findings with attribution. We present an
iterative multi-agent Retrieval-Augmented Generation (RAG) sys-
tem that operationalizes this workflow for the TREC 2025 DRAGUN
Track. Given a news article, specialized agents (1) generate inves-
tigative queries, (2) retrieve and filter evidence from theMSMARCO
V2.1 Segmented Corpus using a three-stage retriever (BM25+RM3,
cross-encoder reranking, and LLM-based selection), and (3) apply an
information-sufficiency evaluator that decides whether additional
searching is required before writing. The final report generator
produces a 250-word trustworthiness report grounded in retrieved
segments, guided by automatically generated critical investigative
questions. On the official DRAGUN rubric-based evaluation with
30 news articles, our system using GPT-4.1 ranked first on report
generation quality, achieving the highest mean supportive score
(0.230) with low contradiction (0.013).

CCS Concepts
• Information systems → Retrieval tasks and goals; Web
searching and information discovery; • Computing method-
ologies→ Natural language generation; Multi-agent systems.

Keywords
Text REtrieval Conference; News Trustworthiness; Multi-Agent
Systems; Retrieval-Augmented Generation

ACM Reference Format:
Dake Zhang and Mark D. Smucker. 2026. Simulating the Lateral Reader for
News Trustworthiness Reports with an Iterative Multi-Agent RAG System.
In Proceedings of the 49th International ACM SIGIR Conference on Research and
Development in Information Retrieval (SIGIR ’26), July 20–24, 2026, Melbourne,
VIC, Australia. ACM, New York, NY, USA, 5 pages. https://doi.org/10.1145/
3805712.3809973

1 Introduction
Online news is one of the primary channels through which the pub-
lic receives information about science, health, politics, and other
topics of interest. Its rapid proliferation has enabled low-quality and
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deceptive content to propagate at scale, often faster than truthful
content and to a broader audience [18]. Misinformation can erode
trust, increase polarization, and threaten societal stability [13, 17],
motivating research on tools that help people evaluate the trust-
worthiness of what they read [2, 3, 7, 10].

For online news readers, the bottleneck is not access to infor-
mation but the ability to make informed judgments, whether due
to insufficient domain knowledge [15], limited cognitive resources
for conducting research [11], or exposure to intentionally mislead-
ing content [1]. Professional fact-checkers overcome these barriers
through lateral reading: rather than evaluating an article by stay-
ing on the page (vertical reading), they leave it after a quick scan
to check who published it, verify claims against primary sources,
and compare how other credible outlets cover the story [20]. The
comparative study by Wineburg and McGrew [20] shows that this
strategy yields more accurate judgments and exposes systematic
failure modes of page-bound evaluation. Automating this proven
effective strategy could benefit everyday readers who lack the time,
domain expertise, or investigative skills to perform such in-depth
trustworthiness assessments on their own.

Prior work on automated fact-checking, however, has largely
decomposed the problem into extracting claims, gathering evidence,
and predicting veracity [5], with benchmarks such as FEVER [16]
and LIAR [19] driving progress on entailment-style verification
of isolated claims. This formulation does not fully capture news
trustworthiness [12]: an article may contain accurate facts yet still
mislead by leaving out key details, lacking context, or relying on
dubious sources. Readers need not only answers to specific factual
questions but also guidance on what questions to ask (i.e., what as-
pects of an article need scrutiny), and trustworthiness assessments
grounded in verifiable evidence that they can examine.

The building blocks for such an automated system are now fea-
sible. Retrieval-Augmented Generation (RAG) [8] can reduce Large
Language Model (LLM) hallucination by grounding generation in
retrieved evidence [6], while multi-agent frameworks such as Au-
toGen [21] enable LLMs’ iterative planning, execution, and reflec-
tion [4]. ReadProbe [22] was one of the early systems to combine
retrieval-augmented LLMs with lateral reading, using LLMs for
question (query) generation and answer synthesis over Bing search
results. However, it used a single-pass RAG pipeline and was pre-
sented as a demonstration without evaluation.

We present an iterative multi-agent RAG pipeline that addresses
both limitations. Simulating the lateral reader, specialized agents
generate investigative queries, retrieve and filter evidence through
a three-stage process (BM25+RM3, cross-encoder reranking, and
LLM-based selection), and an information-sufficiency evaluator
decides whether to loop back for additional evidence or proceed
to writing. This iterative design allows the system to adaptively
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Figure 1: Architecture of our iterative multi-agent RAG system for news trustworthiness assessment. Agents cycle through
information gathering and evaluation until deciding that sufficient information has been collected for the final tasks.

fill gaps identified in earlier rounds of investigation, rather than
committing to a single pass.

Our systemwas evaluated on the TREC 2025DRAGUN (Detection,
Retrieval, and Augmented Generation for Understanding News)
Track [24], which, building on the TREC 2024 Lateral Reading
Track [23], provides the first shared benchmark for this problem:
systems need to produce a 250-word report that covers what a
reader should know to better assess the trustworthiness of a given
news article, grounded in the MS MARCO V2.1 Segmented Corpus1.
On the official rubric-based human evaluation with 30 news articles,
our system using GPT-4.1 achieved the highest mean supportive
score (0.230) among all 28 runs from 8 teams while maintaining
low contradiction (0.013).

We release the full implementation and intermediate artifacts
to support future system development and analysis: https://github.
com/trec-dragun/2025-starter-kit.

2 TREC 2025 DRAGUN Track
The TREC 2025 DRAGUN Track [24] provides a shared benchmark
for systems that assist readers in assessing news trustworthiness
through lateral-reading-style investigation. The track selected 30
news articles from the MS MARCO V2.1 Document Corpus, cov-
ering controversial or context-demanding topics published by 28
media sources with diverse political perspectives.

The track defines two complementary tasks. Task 1 (Question
Generation) requires producing a ranked list of ten investigative
questions that a careful reader should consider when assessing the
article’s trustworthiness. Task 2 (Report Generation), the main task,
requires producing a well-attributed report of up to 250 words that
provides essential background and context for evaluating the article.
The report must be grounded in the MS MARCO V2.1 Segmented
Corpus, which contains approximately 114 million segments de-
rived from 11 million web documents; each segment is a sliding
window of 10 sentences with a stride of 5. Due to space constraints,
1https://trec-rag.github.io/annoucements/2025-rag25-corpus/#-ms-marco-v21-
segmented-corpus

this paper focuses on Task 2; our system also produces the Task 1
questions and uses them to guide report composition (Section 3).

For evaluation, TREC assessors independently investigated each
article’s trustworthiness via open-web research (e.g., source credi-
bility, corroboration of key claims, and missing context) and con-
structed per-article rubrics. Each rubric consists of critical questions
𝑞 ∈ 𝑄 , each paired with one or more expected short answers 𝐴𝑞

and an importance weight𝑤𝑞 ∈ {4, 2, 1} (have to know = 4, good to
know = 2, nice to know = 1). Assessors treated each rubric answer as
a checklist item and labeled the report’s relationship to each answer
𝑎 ∈ 𝐴𝑞 as supports, partial, contradicts, or none. Define 𝑠 (·) = 1 for
supports, 0.5 for partial, else 0. The official supportive score is an
importance-weighted average:

Supportive =
1∑

𝑞∈𝑄 𝑤𝑞

∑︁
𝑞∈𝑄

𝑤𝑞 · 1
|𝐴𝑞 |

∑︁
𝑎∈𝐴𝑞

𝑠
(
𝐿𝑞,𝑎

)
The contradictory score replaces 𝑠 (·) with 𝑐 (·) = 1 for contradicts,
else 0. Higher supportive and lower contradictory scores indicate
better alignment with assessor findings.

3 System Implementation
Our system is designed as a multi-agent iterative pipeline that
gathers information from the specified web corpus and decides
when enough evidence has been collected to produce the final
outputs. The system consists of several components (agents), each
guided by a specialized prompt. Throughout the process, the system
maintains a JSON-formatted interaction history of the news article,
queries, retrieved text segments, and self-reflection feedback, which
each component can consult for context. Figure 1 illustrates the
overall architecture of the pipeline.

3.1 Query Generator
As the first agent in the pipeline, given an input news article, the
query generator produces a set of search queries that a fact-checker
might pose. In the initial iteration, the system prompt instructs
the LLM to produce five queries, each accompanied by a rationale,

https://github.com/trec-dragun/2025-starter-kit
https://github.com/trec-dragun/2025-starter-kit
https://trec-rag.github.io/annoucements/2025-rag25-corpus/#-ms-marco-v21-segmented-corpus
https://trec-rag.github.io/annoucements/2025-rag25-corpus/#-ms-marco-v21-segmented-corpus


Simulating the Lateral Reader for News Trustworthiness Reports with an Iterative Multi-Agent RAG System SIGIR ’26, July 20–24, 2026, Melbourne, VIC, Australia

targeting different facets of the article’s trustworthiness, e.g., in-
vestigating the source’s reputation, verifying key claims, tracing
quoted facts, checking alternative viewpoints, etc. If the information
retrieved later is deemed insufficient by the evaluator (Section 3.3),
the query generator is invoked again in subsequent iterations to
generate additional queries (again in batches of five). In those later
rounds, the agent’s input is augmented with context about the previ-
ous queries, retrieved segments, and feedback on what information
is still lacking. This way, the new queries are informed by what has
already been found or missed. This module aims for broad coverage
of investigative angles, starting from general and then filling gaps
based on the feedback loop from the evaluator.

3.2 Segment Retriever
The segment retriever acts as a search engine to fetch relevant text
segments for each query from the query generator. It implements a
three-stage retrieval process to progressively narrow down results
and extract the most useful segments from the MS MARCO V2.1
Segmented Corpus.

3.2.1 Stage 1: BM25+RM3 Retrieval. For a given query, we first
perform lexical retrieval using Pyserini’s implementation of BM25
with RM3 pseudo-relevance feedback [9]. We configure BM25 with
parameters 𝑘1 = 0.9 and 𝑏 = 0.4, and apply RM3 with 10 feedback
terms, 10 feedback documents, and an original query weight of
0.5. This efficient lexical stage reduces the search space to a list of
1,000 candidate segments from the index before neural reranking,
avoiding the computational overhead of embedding the full 114-
million-segment corpus.

3.2.2 Stage 2: Neural Reranking. Next, the candidates are reranked
using a cross-encoder model from the Sentence-Transformers li-
brary [14]. Specifically, we use ms-marco-MiniLM-L6-v22, a trans-
former model fine-tuned on the MS MARCO passage ranking task.
For each of the top 1,000 segments, the model examines the query
and the segment (title + content) together and produces a relevance
score. We then sort the candidates by this neural score and retain
the top 20 segments for the final stage. With a richer semantic
understanding, this reranking step prioritizes segments that are
contextually relevant, even if the wording does not exactly match
the query.

3.2.3 Stage 3: LLM-Based Selection. In the final retrieval stage, we
take the top 20 segments from Stage 2 and present them (along
with the original news article and the query) to an LLM agent with
a prompt asking it to select the three most relevant segments for
answering the query, ideally from diverse sources. If fewer than
three segments are deemed relevant, it selects only those that meet
the bar. This LLM-driven filtering helps the pipeline focus on a
small set of high-quality pieces of evidence for each query, limiting
the inclusion of less relevant material that could dilute the context.

3.3 Information Evaluator
The information evaluator is the agent responsible for deciding
whether the system has gathered enough evidence to proceed to

2https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2

final output generation. After each batch of queries and their re-
trieved segments, the information evaluator LLM examines all in-
formation collected so far, including the original news article, the
list of queries issued, and the content of the top retrieved segments
for those queries. It is instructed to be skeptical and to assess the
completeness of the investigation with scrutiny. Essentially, it asks:
Do we now have sufficient information to judge the article’s trustwor-
thiness, or should the system dig deeper?

If the evaluator determines that important questions remain
unanswered or key aspects have not been covered, it will output a
negative verdict (that information is not yet sufficient) along with
a detailed feedback message explaining what is missing or what
lines of inquiry should be pursued next. In response, the pipeline
loops back to the query generator, providing it with the feedback
and the context of past queries with retrieved segments so it can
formulate new queries targeting those gaps.

On the other hand, if the evaluator is satisfied that the collected
evidence is adequate and no major blind spots remain, it will issue
a positive signal indicating that the system can stop searching. This
decision triggers the end of the iterative loop, which is capped at five
iterations in our implementation for budget control. Thus, through
this component, the system achieves an adaptive, iterative search
process, i.e., continuing to retrieve information until a stopping
criterion is met.

3.4 Question Generator
Once the information-gathering loop terminates, i.e., the informa-
tion evaluator deems the collected evidence sufficient, the pipeline
moves to generating critical investigative questions that will guide
report composition. We prompt the LLM with the compiled knowl-
edge base, including the original news article text and all the rel-
evant segments collected during the retrieval iterations, and ask
it to formulate the ten most important questions a reader should
consider about the article’s trustworthiness. The questions are in-
tended to cover the central issues revealed by the evidence, such as
the source’s credibility, verification of specific claims, presence of
bias or counterpoints, etc., essentially summarizing “What should a
skeptical reader ask?” These questions then serve as a structured out-
line for the report generator (Section 3.5), guiding the final report
to address the most critical trustworthiness dimensions identified
during the investigation. The generated questions also constitute
our submission for DRAGUN Task 1 (Question Generation).

3.5 Report Generator
The final component is the report generator, which uses a prompt to
guide the LLM to act as a professional fact-checker who composes
a well-attributed report about the article’s trustworthiness. The
input to this module includes the news article and the full set of
evidence segments retrieved. In addition, we incorporate the gener-
ated questions (Section 3.4) as guidance. The prompt encourages
the LLM to address those important questions within the report.
The report generator’s output is a concise narrative that provides
relevant background and context to help a reader evaluate the arti-
cle, within the 250-word limit from the DRAGUN track guidelines.
Additionally, the prompt instructs the model to include attribution
for each claim by citing the IDs of the supporting segments.

https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2
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Table 1: Average supportive and contradictory scores across
30 topics for report generation runs, ranked by the primary
metric: supportive score. Due to space constraints, we present
only the top-ranked runs and the lowest-scoring run.

Run ID Supportive Contradictory

our-system-gpt-4.1 0.230 0.013
team-1-run-1 0.218 0.005
team-1-run-2 0.212 0.014
team-1-run-3 0.201 0.014
team-2-run-1 0.173 0.009
team-2-run-2 0.170 0.011
team-2-run-3 0.166 0.025
team-1-run-4 0.158 0.013
team-2-run-4 0.158 0.013
team-2-run-5 0.157 0.018
our-system-gpt-oss-120b 0.150 0.018
team-1-run-5 0.139 0.007
team-3-run-1 0.132 0.008
· · · · · · · · ·
team-4-run-1 0.005 0.002

4 Results and Discussion
We ran the system with two LLMs during the track participation pe-
riod (summer 2025): the closed-source GPT-4.13 (accessed through
Azure OpenAI Service; averaged $0.50 and 2 minutes per arti-
cle) and the open-weight model gpt-oss-120b4 (served locally
via vLLM5; averaged 3 minutes per article on a single NVIDIA
H100 GPU from a university-managed cloud server). Neither model
was fine-tuned; all components used the models through API calls
with task-specific prompts only. In the DRAGUN track overview
paper [24], our GPT-4.1 and gpt-oss-120b runs were submitted
under the names dragun-organizers-starter-kit-task-2 and
organizer-gpt-oss-t2, respectively. For clarity, we rename them
here as our-system-gpt-4.1 and our-system-gpt-oss-120b, and
abbreviate other run names in Table 1 due to space constraints. We
refer the reader to the overview paper for the full ranking of sub-
mitted runs and descriptions of other participants’ approaches. We
report and discuss the official evaluation results below.

Table 1 shows that our-system-gpt-4.1 achieves the highest
mean supportive score (0.230) while maintaining a low contradic-
tory score (0.013), ranking first among all submitted systems (28
runs from 8 teams) on the primary metric: supportive score. Al-
though the supportive-score differences between the top four runs
are modest, our GPT-4.1-based system is significantly better than
the fifth run through a paired two-tailed Student’s 𝑡-test (𝑝 < 0.05).
Meanwhile, the gap between our GPT-4.1-based system and our
open-model variant is also significant (0.230 vs. 0.150 supportive,
𝑝 < 0.05), indicating that stronger model capability is important
for finding and synthesizing evidence into a well-attributed report.

Figure 2 shows substantial variance across topics: on the easy
topics, our-system-gpt-4.1 achieves supportive scores around
0.5, while on the hardest ones, neither system surpasses 0.05. But

3https://openai.com/index/gpt-4-1/
4https://openai.com/index/introducing-gpt-oss/
5https://docs.vllm.ai/en/latest/
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Figure 2: Per-topic supportive scores of our two runs. Topics
are sorted by the GPT-4.1 supportive score (the left bar for
each topic) in ascending order. Topic IDs’ common prefix
“msmarco_v2.1_doc_” is truncated for brevity.

GPT-4.1 consistently outperforms or matches gpt-oss-120b on
the majority of topics. Given the high topic variance, we counted
per-topic wins, where a system “wins” a topic if it achieves the
highest supportive score (with ties counted as shared wins). The
our-system-gpt-4.1 run leads on 12 out of the 30 articles, fol-
lowed by the second-best run team-1-run-1 on 8 articles, and the
third-best team-1-run-2 on 3 articles.

An analysis of the information-sufficiency evaluator’s behavior
in our GPT-4.1 run reveals a bimodal pattern: for 18 of 30 articles
(60%), the evaluator determined that a single retrieval round pro-
vided sufficient evidence, while for 9 articles (30%), it exhausted
all five permitted rounds. Only 3 articles required an intermedi-
ate number of rounds. This suggests that the evaluator makes a
largely binary judgment (either the initial evidence is adequate or
the topic demands extensive investigation) and that the iterative
mechanism is most valuable for the harder subset of articles where
straightforward retrieval falls short.

In manual inspection, we observed two issues. First, evidence
freshness can cause misalignment: assessor rubrics were written
using live web evidence in 2025, while the MS MARCO V2.1 Seg-
mented Corpus predates 2022, which can yield contradictions on
time-sensitive facts (e.g., ownership changes or evolving reputa-
tions). Future evaluations might benefit from considering temporal
alignment between the grounding corpus and rubric construction.
Second, our report generator sometimes uses the limited word bud-
get to explicitly state that information was not found for certain
investigative questions. In the current evaluation setting, such dis-
claimers rarely increase supportive score unless the absence itself
is diagnostic (e.g., lack of independent corroboration or missing
disclosures). A more effective strategy is to instruct the report gen-
erator to spend words on findings that can be directly supported
by retrieved segments.

Looking ahead, we see three directions for improvement. First,
reinforcement learning from assessor rubrics could directly opti-
mize LLM behavior toward the lateral reading standard. Second,
the general-purpose LLM powering all agents could be replaced
with smaller, task-specialized models (e.g., a dedicated relevance
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judge for segment selection or an information-sufficiency evaluator
calibrated to fact-checker standards), which could improve both
efficiency and component-level accuracy. Third, systematic error
analysis comparing LLM-generated reports against human rubrics
could pinpoint recurring failure modes (e.g., missing investigation
angles) and guide future alignment efforts.

5 Conclusion
We presented an iterative, multi-agent RAG pipeline that opera-
tionalizes lateral reading for news trustworthiness assessment by
looping between investigative query generation, evidence retrieval
and filtering, and an explicit information-sufficiency decision be-
fore writing. The system produces a concise report grounded in
retrieved segments and leverages generated critical questions as
guidance for report composition. On the TREC 2025 DRAGUN
Track’s report generation task, our GPT-4.1-based run achieved
the highest mean supportive score (0.230) across 30 news articles
while maintaining low contradiction (0.013), demonstrating that
evaluator-guided iterative retrieval can produce top-performing
grounded trustworthiness reports under the 250-word budget. Be-
cause the DRAGUN evaluation relies on human assessors applying
rubrics to system reports, post-hoc ablation with official scores
is not feasible. Component-level analysis with automatic proxy
evaluation remains an important direction for future work.
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